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Introduction
The impact of investor sentiment on the valuation of asset prices is an issue that has attracted the interest of academics and practitioners alike. To a certain extent, discrepancies between observed assets prices and their expected discounted present value are often attributed to investor sentiment (Shleifer and Vishny, 1997) . In this paper, we present evidence that investor sentiment can also have a significant effect on the tangible assets of an economy, such as in the market for the sale and purchase of second-hand vessels. Our interest in this market stems from the importance of shipping to the world economy -since approximately 90% of world trade is transported by sea according to the International Maritime Organization -and its effectiveness as a global economic activity indicator (Kilian, 2009) .
A number of studies provide empirical evidence on the role of investor sentiment in the stock markets. Baker et al. (2012) construct global and local sentiment indices and show that all indices are contrarian predictors of cross-sectional stock market returns. Stambaugh et al. (2012) explore the role of sentiment in a broad set of anomalies in cross-sectional returns and find that its predictive power is higher during high-sentiment periods. Berger and Turtle (2012) find that portfolios with opaque firm characteristics offer the greatest marginal performance when previous sentiment levels are at their lowest. Yu and Yuan (2011) examine the influence of investor sentiment on the market's mean-variance trade-off and show that expected excess return is positively related to conditional variance only in lowsentiment periods. Baker and Wurgler (2006, 2007) construct sentiment indices for the U.S. stock market and show that sentiment has larger effects on stocks whose valuation is highly subjective and difficult to arbitrage. Furthermore, low sentiment is related to subsequent higher returns for particular categories of stocks (such as, young, high volatility, unprofitable, non-dividend-paying, extreme growth, and distressed). Lemmon and Portniaguina (2006) study the relationship between investor sentiment and small-stock premium and find that sentiment forecasts the returns of small and low institutional ownership stocks. Further, Brown and Cliff (2004) investigate sentiment and its relation to short-term stock market returns. They report that sentiment levels and changes are correlated with market returns, although the predictive power for stock returns is small. Finally, Huan (2008) finds that institutional investor sentiment, measured by the bull-bear spread, relates to the prices of SPX options.
Prior literature (Barberis et al., 1998; Brown and Cliff, 2004; Baker and Wurgler, 2007) suggests that there is a broad range of variables measuring sentiment. For example, Baker and Wurgler (2006) and Baker et al. (2012) use market price-based proxies, such as closed-end fund discounts, IPOs volume and their first-day returns, volume turnover, equity share of new issues, dividend premium and volatility premium. Other studies employ microtrading data; Wang (2001) employs trading positions of large speculators, large hedgers and small traders in the US futures markets, whereas Kumar and Lee (2006) and Barber et al. (2009) use respectively broker data and transaction data. In addition, investor surveys (Lee et al., 2002; Brown and Cliff, 2004; Menkhoff and Rebitzky, 2008) and consumer confidence indices (Lemmon and Portniaguina, 2006; Schmeling, 2009 ) are also employed as proxies for sentiment. Finally, investor sentiment has been linked to close-end fund discounts (Neal and Wheatley, 1998; Swaminathan, 1996) .
Given that the current literature is mainly devoted to the use of sentiment in explaining stock returns, we extend these studies by examining, for the first time, the role of sentiment and its implications for real assets, i.e., vessels. We employ proxies that reflect participants' beliefs about market expectations, asset valuation and liquidity in the shipping market, and construct sentiment indices for the capesize, panamax, handymax and handysize sectors 1 as well as the overall dry-bulk shipping market.
We examine sentiment as a predictor of future vessel price returns and present evidence that sentiment affects the monthly returns on real assets, not only stock market returns as documented in the existing literature. We then investigate the predictive power of sentiment in identifying vessel price cycle phases up to 6 months ahead and find a significant contrarian relationship for market sentiment, while sector-specific sentiment is found to be important only in the panamax sector. Finally, we perform a sentiment-based trading simulation exercise for the sale and purchase of second-hand vessels. Our findings suggest that sentiment-based strategies outperform the passive buy-and-hold strategy significantly by offering higher annualized returns and lower volatility on the investment.
The outline of the paper is as follows. Section 2 describes the sentiment proxies and the construction of the sentiment indices. Section 3 presents the empirical findings of sentiment as a predictor of future vessel price returns and cycle phases. Section 4 illustrates the trading simulation exercise of sentiment as an investment timing tool. Section 5 concludes.
Sentiment Indices
1 Capesize: dry-bulk carriers with a cargo-carrying capacity exceeding 150,000 dwt. These vessels generally operate along long-haul iron ore and coal trade routes. Panamax: vessels with a cargo-carrying capacity of 60,000-99,999 dwt. These vessels carry coal, grains and, to a lesser extent, minor bulks, including steel products, forest products and fertilizers. Handymax: vessels with a cargo carrying capacity of 40,000-59,999 dwt; these operate on a large number of geographically dispersed global trade routes, and carry primarily grains and minor bulks. Handysize (dry-bulk): handysize vessels have a cargo carrying capacity of 10,000-39,999 dwt.
Generally, these vessels are versatile in terms of their operating characteristics and carry minor bulk cargoes around the world.
While investor sentiment may refer to as the propensity to trade on noise rather information, it may also refer to investor optimism or pessimism (Antoniou et al., 2013) . It is evidenced that individuals with positive (negative) sentiment make optimistic (pessimistic) judgments and selections (Bower, 1981; Wright and Bower, 1992) . Measuring sentiment is subjective since there is no consensus on what the appropriate proxies are (Schmeling, 2009 ).
We combine five proxies which in our view reflect the sentiment of participants in the shipping market, in addition to a component of non-sentiment related idiosyncratic variation.
We classify our proxies into three main categories: market expectations (net contracting and money committed), valuation (price-to-earnings and second-hand-to-newbuilding vessel price ratios) and liquidity (turnover ratio). Our choice of sentiment proxies is based on the notion that optimism/pessimism about the overall state of the dry-bulk shipping market can affect the decision of investors about the sale and purchase of second-hand or the order of newbuilding vessels. Following Baker and Wurgler (2006) and Baker et al. (2012) , we orthogonalize the raw sentiment proxies and then construct total, market and sector-specific sentiment indices using the first principal component method.
SENTIMENT PROXIES
The first proxy we employ is net contracting (NC); this measures the number of orders for newbuilding vessels which are contracted with shipyards every month in each sector after accounting for order cancellations and vessels being removed from the market for scrapping.
The NC proxy is selected by analogy to Baker and Wurgler (2006, 2007) and Baker et al. (2012) use of the number of initial public offerings (IPOs), as the demand for IPOs is said to be extremely sensitive to investor sentiment. Further, according to the behavioural model of Greenwood and Hanson (2013) , high shipping earnings are associated with high second-hand vessel prices and high orderbook, but forecast low future returns. They argue that over-investment in new capacity during booms is due to shipowners being overconfident and incorrectly believing that investments will continue to reap high returns; partly due to "competition neglect" by shipowners, caused by the time lag involved in the shipbuilding process (Kahneman, 2011) . Hence, the motivation for using the net contracting proxy is twofold; first, we assume that the demand for new vessels in the shipping market resembles the demand for new equity issues in the financial markets and, second, shipping participants tend to follow the herd and invest in new capacity when valuations are generally high. The monthly net contracting is given by:
where , is the orderbook, i.e., the number of vessels awaiting construction or being constructed, for sector i and month t, , the number of vessel deliveries, and , the number of vessels being scrapped. The first term in Equation (1) provides the monthly change in the orderbook less order cancellations. We then subtract scrapping of vessels to obtain NC.
This way our proxy takes into account order cancellations, which reflect investment sentiment and conditions in shipping markets, and thus measures net investment in new capacity. We assume that high-sentiment periods are characterized by high vessel orders with cancellations and scrapping of vessels being at low levels.
The second proxy is the money committed (MC) in the dry-bulk market and is an approximation of the funds committed for the purchase of newbuilding vessels:
where , is the price of newbuilding vessels for sector i and month t. Broader measures of financing activity are also used as sentiment proxies. For example, Baker and Wurgler (2000) suggest that the share of equity issues in total equity and debt issues is a measure of financing activity that can capture sentiment. In the shipping industry, the majority of capital originates from bank finance, where 30% equity to 70% debt is the historical average for a typical shipping project. Therefore, we choose the MC proxy as a measure of financing availability and propensity to provide capital for new shipping investments. We assume that, during freight market booms when sentiment is high, banks are also overconfident in their decisions to provide capital; and they follow their competitors so that they do not lose their market share as capital providers to the shipping industry. Hence, we expect MC to be positively related to investor sentiment.
The third sentiment proxy is the price-to-earnings ratio (PE) for vessels:
where , is the price of 5-year old second-hand vessels, and , the annualized earnings (1-year time-charter rates 2 ) in sector i for month t. The PE ratio as a measure of sentiment has been considered previously in the literature and has been found useful in predicting subsequent stock returns (Campbell and Shiller, 1998; Fisher and Statman, 2006; Kurov, 2008) . Generally, high PE ratios reflect the relative degree of overvaluation in asset prices. In our case, the estimate of earnings used is forward-looking and reflects the expected earnings from operating the vessel for one year from the point of valuation; we thus expect high PE ratios to be associated with low sentiment levels. For example, if current vessel prices are high relative to the 1-year earnings (i.e., high PE ratio), shipowners expect vessel prices to drop in the future in anticipation of limited earnings growth; hence, sentiment is low.
2 Fixed daily freight rate, measured in US$/day, received by the shipowner for chartering (leasing or letting-out) a vessel for a 1-year period.
The fourth proxy we consider is the second-hand to newbuilding price ratio (SNB):
Newbuilding vessels have longer useful economic lives than identical second-hand vessels of certain age (e.g. five or ten-year old vessels), which in general means are more expensive.
However, during prosperous and high sentiment periods, investors prefer to take advantage of the prevailing market conditions immediately; as such, they favour the purchase of secondhand vessels to avoid the time lag in the construction process of newbuildings companies are more likely to pay them, and less so when they are at discount (Fama and French, 2001) . Therefore, companies appear to cater to prevailing sentiment for or against "safety" when deciding about the dividend payments. Similarly, SNB reflects the preference of market agents for second-hand vessels to newbuilding ones and measures the immediate delivery premium, which is related to how optimistic investors feel about the current market conditions.
Our last proxy reflects the relative liquidity in the dry-bulk market. . Our choice of liquidity measure is driven by data availability at a monthly frequency; therefore, we represent shipping market liquidity in terms of the turnover ratio.
The turnover ratio (TURN) measures the activity in the sale and purchase market for secondhand vessels in terms of total number of vessels available in the market:
where , is the total number of available vessels in sector i and month s, and , the number of vessels sold. We anticipate that high turnover periods are related to high sentiment.
The proxies are calculated on a monthly basis for the capesize, panamax, handymax and handysize sectors of the dry-bulk market using data by Clarksons Shipping Intelligence
Network for the period February 1996 to January 2012. Since the proxies may embody a component that reflects underlying macroeconomic fundamentals, we remove the non-4 Proxies for liquidity, among others, include: i) turnover (Amihud and Mandelson, 1986) , ii) dollar volume (Chordia et al., 2001) , iii) share volume (Brennan and Subrahmanyam, 1995) , iv) Roll implicit spread estimator (Roll, 1984) , v) illiquidity ratio (Amihud, 2002) , and vi) proportion of zero returns measure (Lesmond et al., 1999) .
sentiment part by orthogonalizing the proxies to three macro variables: the G7 monthly industrial production growth and two recession-period dummies for the G7 and Major 5 Asia and use their cyclical component in our analysis.
TOTAL, MARKET, AND SECTOR-SPECIFIC SENTIMENT INDICES
For each sector we construct a first-stage index comprising 15 loadings given by the current, 1-month lagged and 2-month lagged orthogonalized (denoted by proxies. This way we allow for a lead-lag relationship between the proxies as some of them may reflect a shift in sentiment earlier than others (Brown and Cliff, 2004; Baker and Wurgler, 2006) . To decide which proxies will be eventually included in the total sentiment index, we calculate the correlation between the first-stage index and the current and lagged proxies. The proxies with the highest correlation qualify as the final sentiment proxies, and the first principal component of the selected proxies provides the total sentiment index: The variance explained by the first principal component in each sector is 52%, 60%, 61% and 62%. Thus, we conclude that most of the proxies' common variation is captured by one factor. Further, the high correlation between the first-stage indices and , for each sector (ranging from 92% to 97%) suggests that dropping the remaining 10 proxies does not lead to loss of information.
[
INSERT TABLE I HERE]
We observe that the sentiment proxies enter the index with the expected sign (see Section 2.1). In addition, MC carries the same time subscript across all sectors and lags all other proxies, whereas the remaining proxies have different time subscripts. Additionally, NC
and SNB appear to be the leading proxies. Although the proxies are highly correlated with the total sentiment index on average, there are instances where the correlation between the proxies is relatively low (see Table I ). This implies that our proxies contain unique information in reflecting investor sentiment; therefore, the risk of using variables carrying the same information is low. . The market and sectorspecific sentiment indices are plotted in Figure 1 , from which it is obvious that market sentiment is smooth, thus capturing market-wide changes. On the other hand, sector-specific sentiment indices move in a more erratic way, i.e., reflecting the idiosyncratic features of each sector.
[INSERT FIGURE 1 HERE]
VESSEL PRICES TURNING POINTS AND STATISTICS
In this section, we use the non-parametric algorithm of Bry and Boschan (1971) as modified by Harding and Pagan (2002) to date the second-hand vessel prices turning points.
This method captures the turning points of vessel prices in an efficient way with a minimum set of assumptions. The key assumptions made in determining the turning points are: i) an initial peak (trough) is located at the highest (lowest) point in the vessel price series using a window of 5 months either side of that point; ii) a peak (trough) must be followed by a trough (peak); iii) a cycle (defined as peak-to-peak or trough-to-trough) must have a minimum duration of 18 months; iv) a phase (defined as peak-to-trough or trough-to-peak) must have a minimum duration of 5 months; and v) turning points are not to be determined within the first or last 5 months of the vessel price series. To identify the turning points, we use data running from January 1976 to January 2012. Here, we report only the turning points ( Figure 2 ) and statistics ( Table III) that apply to our sample period February 1996 to January 2012.
INSERT FIGURE 2 HERE]
As a preliminary accuracy inspection of the selected sentiment proxies and the constructed indices, we plot, in Figure The identified turning points and vessel price series are used to produce measures of the average duration ( , and amplitude of expansions (through to peak) and contractions (peak to trough), , for each sector i, as defined by Harding and Pagan (2001) and 83.8% of the time respectively. On the whole, synchronization statistics point towards market integration and herd-like behaviour, where the market sentiment may play a major role compared to the sector-specific sentiment.
Empirical Results
In what follows, we examine whether sentiment is a statistically significant predictor of vessel price returns and propose a model that uses sentiment as a predictor for future vessel price cycle phases. Further, we assess the fit of the logit model to the cycle chronology identified in Section 2.3. Since the constructed sentiment indices are stationary and highly persistent, they may impute biased coefficient and standard error estimates (Stambaugh, 1999; Ferson et al., 2003) . We adjust for these biases and test the robustness of the models by employing the stationary bootstrap method 7 of Politis and Romano (1994) . To this end, we 7 The stationary, instead of the ordinary, bootstrap technique is employed since the latter is only valid in the case of iid observations. When the ordinary bootstrap is applied to stationary and persistent variables (in our case the sentiment indices), the re-sampled series will not preserve the statistical properties of the original dataset and will lead to inconsistent results and statistical inference. The stationary bootstrap is based on re-sampling blocks of random length, where the length of each block follows a geometric distribution with mean block length 1/q.
The choice of q depends on the degree of persistence: a large value of q is appropriate for data that exhibit serial dependence and vice versa. The value of q chosen in our experiments is 0.1, corresponding to a mean block length of 10 (for more technical details, see Sullivan et al. 1999) .
bootstrap the original dataset to generate 5,000 new time series for the cycle phases and the five sentiment proxies for each sector. Then, we construct the corresponding total, market and sector-specific indices as outlined in Section 2.2. For each bootstrapped time series we reestimate the OLS and logit models and report the bias-adjusted standard errors. First, we regress the monthly vessel price returns for sector in month 1 on the corresponding total sentiment index in month , or on the market and sector-specific sentiment indices in month . We then run regressions for the vessel price cross-section returns:
PREDICTIVE REGRESSIONS FOR VESSEL PRICE RETURNS
, ,, 14 , , ,
15
[INSERT Wurgler (2012) and suggest that the sentiment effect is noteworthy. In particular, market sentiment appears to be significant across all sectors, implying cross-sector sentiment contagion. Overall, the results suggest that sentiment affects the monthly returns on real assets, in addition to sentiment affecting stock market returns as documented in the existing literature.
Prompted by the referee's suggestion that net contracting and money committed may capture economic fundamentals rather sentiment, we follow the procedure outlined in Section 2.2 and construct sentiment indices excluding NC and MC from the sentiment proxy set 8 . We then run the OLS regressions given by Equations (14) and (15), and the results are reported in Table IV , Panel B. It can be observed that results are consistent, in terms of interpretation, signs and statistical significance, when compared to results given by sentiment indices made up by five proxies. We acknowledge that NC and MC are shipping industry specific proxies and have not been previously employed in the literature. Nevertheless, we detect no effect on the results when these are excluded from the sentiment proxy set.
PREDICTIVE REGRESSIONS FOR VESSEL PRICE CYCLE PHASES
To determine the relationship between sentiment and cycle phases, we use the logistic regression to obtain the probability of expansion for up to =1, 2, 3, 4, 5, 6 months ahead. of the vessel price series for different horizons h: short-term (h = 1,2,3,4 months), medium-term (h = 5,6,7,8 months), and long-term (h = 9,10,11,12 months). For a month to qualify as an expansion (contraction), we apply the restriction that a combination of cumulative returns of 2 different horizons must be positive (negative). For all types of vessels, the combination which minimizes the error (7% on average) when approximating the actual cycle phase, is the 4-and 6-month cumulative returns. Therefore,
Finally, the error term , follows the logistic distribution:
, , correctly classified and misclassified by the models given a cut-off probability calculated as in Palepu (1986) . In general, Type II errors are higher than Type I errors, implying a tendency of the models to underestimate contractions and overestimate expansions. The total error of the 1-month ahead models across sectors ranges from 14.69% to 22.73%.
Succinctly, our empirical results point towards the importance of market sentiment as a contrarian indicator of future cycle phases in all four sectors, while sector-specific sentiment is only important for panamax sector. As stated earlier in the paper, the statistical significance of market sentiment may also imply the existence of sentiment contagion within the sectors of the dry-bulk market. This may be explained by the fact that companies normally operate across sectors, in addition to word of mouth sharing of information between shipowners within the market.
DATING COMPARISON METRIC
In addition to model 1 (see Equation18), we have considered restricted alternative models 2 and 3 comprising the total sentiment and the cycle approximation variable, and the cycle approximation variable only, respectively. To assess the accuracy of model 1 against models 2 and 3, we use the Quadratic Probability Score (QPS) of Diebold and Rudebusch where , is given by Equation (18). The QPS ranges from 0 to 2, with a score of 0 corresponding to perfect fit to the cycle chronology (see Section 2.3). From Table V it is obvious that model 1 yields the lowest QPS values. When comparing models 1 and 2, the average improvement 11 in QPS ranges from 5.04% in the handymax sector to 0.25% in the capesize sector. The improvement is significantly larger when we evaluate models 1 and 3, and ranges from 18.99% in the panamax sector to 11.78% in the handysize sector.
11 The improvement in QPS is calculated as the percentage difference between the QPS values of two models for each forecasting horizon. The mean across each sector is then taken to estimate the average improvement in QPS.
Consequently, taking into account the market and sector-specific sentiment improves the cycle dating fitness.
Sentiment as an Investment Timing Tool
In what follows, we investigate the use of sentiment in the investment decision process for the sale and purchase of second-hand vessels in the dry-bulk market
12
. For the trading simulation exercise we consider monthly data for the period September 1996 to September 2011, including second-hand vessel prices, time-charter rates, and operating expenses from Clarksons Shipping Intelligence Network, and the 3-month US T-bill rate from Thomson Reuters.
Our aim is to illustrate the importance of sentiment as a market timing tool rather than investigate different complex trading strategies. Hence, we choose to construct three simple strategies based on: i) the 1-month ahead probability forecast (F1) for vessel price cycle phases; ii) simple moving average (SMA) filters on (we have performed the same analysis on , and , but results are not reported in the paper since the strategy on proved superior); and iii) simple buy and hold which we use as a benchmark for comparison purposes.
The first strategy is based on the 1-month ahead probability forecast generated by Equation (18), where a buy signal is generated as soon as the model predicts expansion and a sell signal when it forecasts contraction (the cut-off probability value is the same used in 12 We have run linear (Granger, 1969) and nonlinear causality (Dicks and Panchenko, 2006) tests to check for time-series dependencies between the sentiment indices and vessel prices. The tests indicate that there is a twoway causality: vessel price changes depend on previous sentiment levels and vice versa. Since the sentiment indices are orthogonalized, the two-way causality can be attributed to investors being over-confident/pessimistic due to vessel price returns being high/low, respectively; and the fact that sentiment should not be regarded as a gift and as such is also affected by market factors (Schmeling 2009 the SMA series crossover of the zero line: a crossover from below initiates a sell signal, while from above a buy signal, i.e., the rule is based on the contrarian nature of sentiment in the shipping market. Finally, the buy-and-hold strategy involves the investor buying the vessel and operating it throughout her economic life, in our case the sample period.
The performance of the strategies is simulated for the capesize, panamax, handymax and handysize sectors based on the expected 1-month return:
where is the depreciation due to wear and tear from operating the vessel (0. (1 percent/transaction). We assume that, when investors hold no position in the market, funds are invested in the 3-month US T-bills. Finally, we impose short-selling restrictions.
[INSERT For the F1 strategy, we estimate the model in Equation (18) shows that incorporating sentiment in the vessel investment/divestment timing decision can provide substantial gains. Investors can benefit from higher returns on their investment; while at the same time partially offset the highly volatile nature of the shipping industry.
REALITY CHECK
Despite the effective performance of the proposed F1 and SMA strategies, an important issue which needs to be addressed is that of data snooping. As pointed out by Sullivan et al. (1999) and White (2000) , data snooping occurs when a dataset is used more than once for selection and inference purposes. When testing different strategies, data snooping can increase the probability of having satisfactory results purely to chance or the use of posterior information, rather than the superior ability of the alternative strategies.
To assess the performance of the trading strategies we employ the stationary bootstrap of Politis and Romano (1994) (see Sullivan et al., 1999; Alizadeh and Nomikos, 2007) . For this, we repeatedly generate artificial time series (5,000 in total) for the six sentiment proxies over the period September 1996 to September 2004, construct the corresponding market sentiment index and estimate the model given in Equation (18). The forward-looking performance of each strategy is then tested for the period October 2004 to September 2011 using each bootstrapped sample. All trading strategies are implemented for each one of the 5,000 bootstrapped series, thus, generating a series of empirical distributions of mean returns and Sharpe ratios. The null hypothesis tested is that the performance of the F1 and SMA strategies is no better than the passive buy-and-hold strategy.
14 We have also performed the trading simulation (incl. the bootstrap simulation outlined in Section 4.1) when sentiment indices are constructed by excluding NC and MC from the sentiment proxy set. We do not observe any effect on the results, and these are available from the authors upon request.
The bootstrap simulation results are presented in Table VI , Panel C. The statistics reported are: the annualized mean return; the standard error of mean returns; and the Sharpe ratio across the bootstrapped samples. In terms of annualized mean returns, the F1 strategy outperforms the other strategies in the capesize and handysize sectors, while the SMA (12) strategy is superior in the panamax and handymax sectors, consistent with the in-sample exercise in Panel A. Additionally, the SMA(12) strategy offers the best Sharpe ratios in all sectors. Typically, we can conclude that the proposed trading strategies significantly outperform the buy-and-hold benchmark. For instance, implementing the F1 or SMA (12) strategies in the capesize sector boosts mean returns and Sharpe ratios by factors of approximately 1.5 and 2.5, respectively.
Formal statistical tests are also conducted by considering the empirical confidence intervals for the mean returns and Sharpe ratios of the strategies in excess of the buy-and-hold (Table VI MRs in excess of the benchmark strategy show that no strategy achieves superior performance at conventional significance levels. However, F1 and SMA strategies provide a significant increase in Sharpe ratios compared to the buy-and-hold strategy, with the exception of the handysize sector; only SMA (12) is statistically better at 10% significance level in this market.
Overall, the bootstrap simulation analysis corroborates that sentiment contains important information that can be used in the investment timing decision for the sale and purchase of second-hand vessels.
15 The p-values are calculated as the ratio of frequency of occurrence of negative (one-tail test) excess MRs or SRs over the total number of simulations (5,000 replications). The null hypothesis is that there is no significant difference between the statistics.
Conclusion
In this paper, we consider shipping sentiment proxies that reflect market expectations, valuation and liquidity, and construct market and sector-specific sentiment indices for the capesize, panamax, handymax and handysize sectors of the dry-bulk market. We then examine the implications of sentiment for real assets of the economy, i.e., vessels; in particular, we study the use of sentiment as a predictor of vessel price returns. Sentiment is found to be statistically significant and a contrarian indicator of future vessel price returns on an individual sector basis and across all sectors. Our results add to those of the current literature, i.e., in addition to stock market returns, sentiment also affects the monthly returns on real assets.
Further, our analysis of the predictive power of sentiment for vessel price cycle phases suggests that market sentiment is a contrarian indicator in all sectors and sector-specific sentiment appears to be significant only in the panamax sector. The fact that market sentiment contains significant information for future vessel price returns and cycle phases implies the existence of possible cross-section sentiment contagion in the dry-bulk shipping market.
Finally, sentiment also plays an important role in the investment decision for the sale and purchase of second-hand vessels. A sentiment-based trading simulation exercise suggests that investors can benefit from higher annualized mean returns, while partially offsetting the highly volatile nature of the shipping industry. Table I . Correlation of index components and total sentiment indices , ┴ is the first principal component of the five orthogonalized sentiment proxies for dry-bulk sector i. NC is the net contracting, MC the money committed, PE the price-toearnings ratio, SNB the second-hand-to-newbuilding price ratio, and TURN the turnover ratio, defined in Section 2.1. The orthogonalized proxies labelled with ┴ are the residuals from the regression of each of the five raw sentiment proxies on the G7 industrial production growth and two-recession period dummies for the G7 and Major 5 Asia countries. Superscripts a, b, and c indicate significance at the 1%, 5% and 10% level, respectively.
Correlations with The average duration ( ) and amplitude ( ) are calculated according to Harding and Pagan (2001) . The statistics are estimated based on incomplete phases; if statistics were calculated on complete phases, the summation should run from the beginning of the first completed phase until the end of the last one rather than over 1,..,T. The concordance index ( , ) is estimated as proposed by Harding and Pagan (2002) Politis and Romano (1994) , are in (.). Superscripts a, b, and c indicate significance at the 1%, 5% and 10% level, respectively. Type I (II) error occurs when the model predicts contraction (expansion) and the actual phase is expansion (contraction); QPS is the quadratic probability score, with subscripts 1, 2, and 3 indicating respectively: F1 strategy is based on the 1-month ahead probability forecast given by Equation (18): a probability forecast indicating contraction (expansion) generates a sell (buy) signal. SMA denotes simple moving average strategies based on the crossover of the zero line: a crossover from below (above) initiates a sell (buy) signal. MR, SD and SR are the annualized mean return, standard deviation and Sharpe ratio for each strategy. Panel A reports the results for the whole sample, September 1996 to September 2011. Panel B shows simulation results where the period September 1996 to September 2004 is used for in-sample estimation, and the period October 2004 to September 2011 for out-of-sample testing. Panel C and D present the results of 5,000 realizations of the strategies based on the stationary bootstrap of Politis and Romano (1994) . Panel C reports the average MR and SR across the 5,000 simulations, whereas SE stands for the estimated standard errors of the mean returns. Panel D provides the 90% empirical confidence intervals in brackets [.] ; values in {.} are the p-values and measure the significance level for which one can reject a one-tail test of the null hypothesis: mean returns or Sharpe ratios of the proposed strategies are no different to the buy-and-hold. Note that for all bootstrapped simulations, estimation of the market sentiment index and the coefficients of the logit model (Equation 18) 
